Spectral histopathology, based on infrared interrogation of tissue sections, proved a promising tool for helping pathologists in characterizing histological structures in a quantitative and automatic manner. In cancer diagnosis, the use of chemometric methods permits establishing numerical models able to detect cancer cells and to characterize their tissular environment. In this study, we focused on exploiting multivariate infrared data to score the tumour aggressiveness in preneoplastic lesions and squamous cell lung carcinomas. These lesions present a wide range of aggressive phenotypes; it is also possible to encounter cases with various degrees of aggressiveness within the same lesion. Implementing an infrared-based approach for a more precise histological determination of the tumour aggressiveness should arouse interest among pathologists with direct benefits for patient care. In this study, the methodology was developed from a set of samples including all degrees of tumour aggressiveness and by constructing a chain of data processing steps for an automated analysis of tissues currently manipulated in routine histopathology.
Introduction
Lung Carcinoma (LC), including trachea and bronchus carcinomas, is the most commonly diagnosed cancer with 1.82 million of new cases worldwide (12.9% of all diagnosed cancer cases) and is also the deadliest. Indeed, LC represents near a h (19.4%) of cancer deaths with 1.69 million of deaths (number estimated in 2012).
1 Consequently, it means that near 93% of LC diagnosed people succumb to this disease. The research community against cancer reports that LC is an aggressive and heterogeneous disease divided into two main types: small and non-small squamous cell carcinomas. Nonsmall cell lung cancer (NSCLC) represents around 80% of diagnosed LC. 2, 3 In addition, squamous cell lung carcinoma (SCC), which is strongly associated with smoking, accounts for 35% of NSCLC. They develop from large and medium sized bronchi through a process of squamous metaplasia. Control and prevention of known carcinogens (such as tobacco, asbestos or radon gas) have permitted the reduction of new cases of LC. For example, within the European Community, a reduction of LC new cases close to 20% was noticed between years 1988 and 2008. [4] [5] [6] [7] Nevertheless, the survival rate remains low despite advances in surgery, radiotherapy, chemotherapy and especially in new targeted therapies such as checkpoint inhibitors (anti-CTLA4 and anti-PD1/PDL1).
8 This is principally due to the late diagnosis of advanced lesions. Actually, checkpoint inhibitor status is studied in view to adapt targeted therapies but there is no more adaptive therapeutic strategy. The identication of new prognostic and predictive tools is therefore a necessity for better management of patients.
Clinical staging and identication of the precise histological type are fundamental to establishing an appropriate therapeutic strategy. The examination of the tissue morphology aer Haematoxylin Eosin (HE) staining is the current gold standard to determine the lesion extension, which is one of the main prognostic indicators. 9, 10 Despite the pathologist expertise, there exists a wide range of opinion regarding the choice of the treatment and the expected impact of this treatment all the more that pathologist conclusions can be intrinsically subjective leading to consensus default. [11] [12] [13] [14] The participation of physicians to clinical boards appears also not reliable in regards to survival of LC-advanced stage patients. 15 When staging, subtyping or any prognosis indices are not clearly displayed, pathologists can have recourse to extensive analyses such as immunohistochemical labelling. [16] [17] [18] These approaches represent interesting complementary tools for the routine diagnosis of LC by identifying different histological types and accessing certain prognostic criteria. This analysis, realized on resection tissues or cell biopsies, aims at categorizing patients in order to dene appropriate personalized treatment, as well as identifying tumours with high risk of recurrence and fatal outcomes. The principal immunohistochemistry panel for the diagnosis of NSCLC includes the following markers: CK7, CK20, TTF-1, p40, Napsin A, chromogranin, synaptophysin, and CD56. Moreover, the complexity and diversity of NSCLC genetic mutations and rearrangements open the way to targeted therapy. 19 In another way, the immunologic environment and its potential stimulation represents a new approach for the prognosis and the treatment of NSCLC. Nevertheless, besides TNM staging, there are few histologic markers of aggressiveness of tumoral lesions. Particularly, preneoplastic lesions are difficult to evaluate in terms of aggressiveness. So, to answer to this question, researchers and pathologists try new, specic and reliable immunomarkers. These experimental procedures are usually destructive, expensive, and time-consuming and give poorly relevant results.
20
Furthermore, the development of various specic/target markers multiplies the required number of tissue sections to determine the most appropriate therapeutic strategy.
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In order to improve objectivity, the potential of new analytical techniques was investigated. For example, optical coherence tomography, imprint cytology and ultra-sonography are non-invasive and fast imaging techniques that could be of interest to improve prognosis. Images or videos are collected very quickly but molecular information obtained is rather poor. [23] [24] [25] [26] In contrary, spectral techniques such as reectance/ uorescence, elastic light scattering, and Raman or FourierTransform-infrared (FT-IR) spectroscopy present the potential to provide molecular information specic of the sample status, in a label-free manner. In addition, these optical methods lead to objective and reproducible data. The extracted molecular information allows identifying cellular biochemical components, to obtain the cell morphology and tissue architecture, in various tissular specimens including lung cancers.
27-32
It was demonstrated that FT-IR spectroscopy coupled with microimaging mapping and statistical processing of spectral data was usefully employed in many characterization studies of biological tissues. [33] [34] [35] [36] [37] [38] [39] These demonstrations led to dening the concept of spectral histopathology (SHP). [40] [41] [42] In addition, improvements in instrumental devices and developments in advanced chemometrics for exploiting multivariate IR spectra permit us to consider the deployment of SHP in pathology departments.
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The aim of the present work is to develop an IR microimaging procedure to score in an automatic and reproducible manner the aggressiveness phenotype of progressive bronchial lesions from precancerous dysplastic lesions and in situ carcinoma to invasive SCC of the lung. This objective requires in a rst step to recover precisely the tissue architecture for highlighting the epithelial cellular component which is the structure of interest in the present biomedical issue. Secondly, to construct a spectral scale of aggressiveness, we used as a reference the histopathological characterization of these epithelial cells actually performed by the collaborating pathologists. The biopsy samples, embedded in paraffin, were rst mathematically dewaxed by means of Extended Multiplicative Signal Correction (EMSC). 45, 46 Then all IR images were processed together in order to build an ordered spectral data bank. This bank of spectral images was split into two sets: a calibration set for constructing the supervised models and a test set (also called the external validation set) for the evaluation of the model performances on independent images. Discriminative classication and quantitative models were developed on the basis of Partial Least Squares algorithms. 47 
Results
In order to implement the aggressiveness spectral scale, several processing steps must be carried out sequentially (Table 1) . First, the processing performed separately for each spectral image includes a pre-treatment for numerical dewaxing and an unsupervised clustering to highlight the tissue structures of interest. Secondly, the treatment performed on the whole set of spectral images corresponds to the formatting of an ordered matrix of normalized data originating from all the spectral images, and the construction of PLS-DA and PLS models to automatically select and score the pixels of interest on the basis of their infrared signature.
Unsupervised recovering tissue structures on the basis of their spectral signatures
Thirty four paraffin-embedded biopsies were analysed using IR micro-imaging; the spectral images recorded were rst mathematically pre-treated by smoothing and numerical dewaxing by means of a rst EMSC. More precisely, this rst EMSC allowed us to neutralize the paraffin spectral variability and to carry out a quality test for removing outlier spectra. Thus, pixels with only paraffin or CaF 2 signals were eliminated from the data. The corresponding pixels were displayed in white on the spectral images presented thereaer.
Next, the ASK algorithm was employed on each image separately from the others, to highlight the tissue structures in a totally unsupervised way by determining automatically the optimal number of clusters. As shown in Fig. 2 , the ASK algorithm permitted forming color-coded images. The mean number of sub-clusters obtained for each image is equal to 16. Since the spectral images were processed separately from each other, there is no correspondence of colours between the different images. By comparing these clustered spectral images with the conventional histology of adjacent sections, the majority of spectral sub-clusters can be labelled. Particular attention was paid to the assignment of the epithelium structure due to the importance of the associated IR spectra for the subsequent construction of the aggressiveness scale.
Tumoral aggressiveness calibration
The construction of an aggressiveness spectral scale requires a sharp selection of the samples that must be representative of the different states and phenotypes encountered for the pathology of interest. In this study on bronchial carcinomas, 34 bronchial biopsies were selected by the collaborating pathologists and characterized using histopathological examinations. Table 2 lists 26 out of the 34 samples chosen to constitute the calibration data set. On the basis of the histological characterization, an empirical aggressiveness score was associated to each of these calibration samples. A score of 1 was given to the samples corresponding to normal epithelial tissues and a score of 9 was attributed to invasive tissues. Within this range of values, a progressive ascending score was given to the other samples according to their aggressiveness phenotype as indicated in Table 1 .
The raw data workspace of this study corresponds to the total number of spectra multiplied by the number of points by spectrum which is related to the spectral range. Thus, for 34 images with a mean of 75 kspectra by image and 812 points by spectrum, the data workspace was initially constituted by more than 3 billion data points (for a total tissue surface of 1,48 cm 2 , 3.09 Â 10 9 values were recorded). The calibration matrix corresponds to the workspace of only calibration images, aer wavenumber range reduction to 800-1800 cm À1 , EMSC quality test (elimination of outliers corresponding mainly to nontissular pixels), and ASK epithelial structure selection (exclusion of non-epithelial structures). In this step, the calibration matrix, structured at the image level, contains 0.13 billion data points (corresponding to 506 kspectra with nearly 20 kspectra by samples). Finally, aggressiveness scores were linked to the calibration images to form the matrix of reference. Fig. 3a presents the mean spectrum of the calibration matrix (dotted line) together with the min/max variability. Vibrations assigned to paraffin (around 1470 cm À1 ) still appeared but with almost no variability thanks to the twin EMSC pre-processing. Amide I and amide II signals, specic of protein content, were clearly visible. Fig. 3b shows the spectral distribution of the calibration data matrix by plotting the PCA scores on the rst three components. Each point on this graph corresponded to one spectrum with the colour linked to the aggressiveness score determined by the pathologists (according to the colour order of the rainbow, right side of Fig. 2 ). Thus, each spectral image formed a monochromic cloud of points, and the repartition of the set of data tended to follow the order of their aggressiveness score. This observation reects the fact that the vibrational data are likely to contain informative inputs about the aggressiveness phenotype of the NSCLC tissues.
Automatic recognition of epithelial tissue structures
The PLS-DA cascade model was constructed by using ASK cluster centroids of the calibration samples. Similar to the ASK, PLS-DA models were constructed in a two-level way to identify the pixels associated with the epithelial structures (normal or malignant). First, centroids from ASK level 1 were used to build the rst discriminative PLS-DA model considering 2 classes: one class (entitled the "epithelium" class) for clusters associated with the epithelium tissue structures and another class ("nonepithelium" class) for the rest of the clusters. Secondly, subcentroids from ASK level 2 were used to build the second discriminative PLS-DA model. More precisely, only the subcentroids from centroids attributed to the "epithelium" class at level 1 were used. This way of proceeding is schematically indicated in Fig. 3c . By using an image-by-image crossvalidation, the performances of the PLS-DA cascade models can be evaluated by means of the level 1 and level 2 confusion matrixes viewable in the form of histograms in Fig. 3c . The blue and red bars represent the number of good and wrong attributions, respectively, for each class and level. For the rst level, the results were encouraging and high percentage of good prediction could be reached in external validation. The second level optimization was not as good as for the rst level optimization because few sub centroids of interest were predicted as non-epithelial structures. Despite this default of identication, the cascade PLS-DA models present the advantage of selecting a reduced number of pixels to be scored, avoiding considering pixels of non-interest. For further evaluation of the PLS-DA cascade models for automatic identication of pixels associated with epithelial cells, an independent (external) set of samples was used. These results are presented in Fig. 4 , dedicated to an external validation of our models. The black pixels on the pictures of the third column corresponded to pixels not attributed to epithelial cells; the adjacent HE stained sections were also presented for visual comparison (second column). The comparison of these images highlighted that the tissue structure of interest was on the whole correctly identied by means of PLS-DA cascade models. Concerning sample #28 (second line of Fig. 4 ), the algorithm failed to recover a piece of epithelium tissue (le-up corner); however this tissue appeared structurally complex since it is composed of normal epithelium with invasive tumoral cells, making tedious the histological assignment of spectral clusters. For the other samples (#27, #29 and #30), the PLS-DA attribution was successful.
Aggressiveness scoring
Aer the assignment and scoring of each calibration sample on the basis of their histological features (third and fourth columns of Table 2 ), the PLS scoring model was calibrated by using leave-one-image-out cross-validation (internal validation). The blue and red curves correspond to the relative Root Mean Square Error (RMSE) of calibration and internal validation respectively (Fig. 3d) . H opt , the optimal number of dimensions of the vectorial space was determined to be 11 from the evolution of RMSE as a function of H, preventing under and overtting. Fig. 3e permits assessing the performances of the optimized model for the set of the 26 calibration spectral images. Indeed, the graph presents the correlation between the reference aggressiveness scores and the predicted scores based on the IR signatures of the epithelial cells. For each image, the ellipse reects the intra-image variability with the vertical axis linked to the standard deviation. The value of the correlation coefficient (R 2 ) was computed to be 0.78. A regression can be found between the infrared measurements and the aggressiveness phenotype (R 2 > r a , with r a¼0.01 ¼ 0.5368 for n À 2 ¼ 20 as degrees of freedom 48 ). The fourth column of Table 2 details the results of PLS scoring for each of these samples. A global relative error of 12.3% was reached for the calibration set with a mean standard deviation close to 0.8, and this value has to be compared to the extent of the aggressiveness scale ranging from 1 to 9. These observations highlight the heterogeneity of scoring within the spectral images and a positive global bias reecting a slight over scoring. Fig. 2 (last two columns) depicts examples of calibration images reconstructed by scoring the pixels selected by the PLS-DA model corresponding to epithelial cells. Various tissues from normal to invasive types are presented.
External validation of the approach
To further assess the performance of our approach, the prediction model was tested on independent samples. The PLS scoring results obtained on 8 images from samples of different phenotypes are presented in Table 3 . Prediction scores are overall in agreement with the phenotypes dened on the basis of histological features. In addition, a marked standard deviation at the pixel level prediction can be observed. Fig. 4 shows predicted images computed by PLS-DA and PLS models for 4 representative independent samples. From such images, histograms quantifying the number of pixels as a function of the aggressiveness score were computed. This representation permits providing objective criteria for characterizing the heterogeneity of the tissue samples at the cellular level.
Discussion
The ASK algorithm allowed recovering via an unsupervised way the main structures of bronchial tissue samples at the micrometric pixel level, as shown in Fig. 2 . Nevertheless, a slight confusion between bronchial epithelium and mucus cell gland can be observed as for sample #20 corresponding to a dysplastic tissue (Fig. 2) . Increasing manually the number of pixels could solve this default but make difficult the assignment of the spectral clusters to specic histological structures. Except for this dysplastic sample, results of the ASK classication appeared very satisfactory, and with the advantage of determining automatically the optimal number of clusters. Aer this unsupervised processing, a supervised model was implemented for an automatic detection of pixels of interest that will be subsequently scored according to an aggressiveness scale. PLS-DA was also applied in 2 steps, following the clustering steps of ASK and using ASK centroids as the objects to process during PLS-DA. This original method to construct a predictive model appeared more efficient than using a single step as currently done. This type of cascade PLS-DA predictive model was ever employed on vibrational data. In a study aiming at demonstrating the potential of infrared spectroscopy to classify lamentous fungi, the concept of cascade models was used to achieve a classication mimicking the phylogenic tree.
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In fact, for each phylogenic branching, one PLS-DA model was optimized and by this way, a cascade of interlocked PLS-DA models was elaborated. The infrared-based aggressiveness scale was developed to describe the multi-step evolution of epithelial cells from normal until invasive squamous cell carcinoma. By considering various intermediary states, a scale with 9 distinctive levels was chosen in order to dispose enough calibration samples for each level and to differentiate the subtle differences between successive aggressiveness phenotypes. Aer preliminary experiments, intermediate levels were also dened as shown in Table 2 for certain samples; for example an aggressiveness score of 5.5 was given to sample #26 corresponding to squamous cell metaplasia. Similarly, a score equal to 6.5 was dened for sample #2 associated with a mixed phenotype of moderate and severe dysplasia. The achieved aggressiveness scale appeared appropriate as demonstrated by the results obtained on calibration and external independent sample sets although the number of images attributed to each level of the aggressiveness scale was relatively limited in this study. But, we made sure in our selection that there is a balanced number of samples between the different phenotypes, particularly for the normal and invasive tissues which correspond to the extreme phenotypes. PLS results presented in Table 2 and Fig. 3e for the calibration samples highlighted a correlation (R 2 ¼ 0.78) between the infrared signatures and the aggressiveness phenotypes of preneoplastic and squamous cell carcinoma tissues. Based on the Beer-Lambert law veried by infrared absorption, a hypothesis of linearity was followed for constructing the PLS model. b List of all used calibration samples with the lame number, spot position (allowing us to present sample images in Fig. 3e ) and pathologist expertise. Reference aggressiveness is presented next to the predicted values of PLS internal cross validation. The 3 last columns show the prediction error, standard deviation and bias for each sample and the last row shows the mean of these 3 statistical values reached with internal cross validation.
However, it could be also possible to test other algorithms based on logarithmic or quadratic models to link the predicted spectral aggressiveness score to the phenotype. 50 An interesting point of our approach is the highlighting of a marked cellular heterogeneity even within a single tissue spot. This tumoral heterogeneity, based on the vibrational features, can be quantied at the pixel level. Thus, the standard deviations computed from 0.37 to 1.70 for calibration images reect the dispersion of pixel scores. In addition, for the independent samples of the external validation set, a higher standard deviation was observed (Table 3) . Such a tumoral heterogeneity is also efficiently revealed and visualized by the reconstructed PLS color-coded images and associated histograms displayed in Fig. 4 . For certain spots such as sample #28, we can even see that the histogram presents a double distribution of the pixels reecting two distinctive tissue types within the same sample. Most of the samples of the external validation set were selected because they present, within the same section, structures with various aggressiveness phenotypes. The benet of revealing and quantifying the tumoral heterogeneity makes spectral histopathology a complementary tool of conventional histology, for more precise characterisation of pathological tissues. In addition, the PLS-based approach employed to construct the predictive model can also provide the vibrational markers of the aggressiveness scale. Indeed, from the PLS regression vectors it is possible to identify infrared features involved in the scale. 51 Since the infrared signals are of multivariate nature, several vibrations assigned to different chemical groups (e.g. 963 cm À1 PO 4 À symmetric stretching of phosphorylated proteins, 1015 and 1117 cm À1 assigned to C-O stretching vibrations in carbohydrates, amide I band specic of the protein content around 1650 cm À1 , 1740 cm À1 attributed to C]O stretching in lipid compounds (triglycerides or phospholipids).) can be highlighted as contributing to the spectral diagnosis. 34, 37, 39 The implementation of this IR methodological approach relies strongly on the involvement of the pathologists that ensure the gold standard criteria. Indeed, not only for the construction of the predictive models but also for their validation on selected human tissues currently manipulated in clinics, pathologists had a key role in this innovative development.
Conclusions
In this study focussed on squamous cell preneoplastic and cancerous samples, we demonstrated the possibility to implement an automatic method for scoring the aggressiveness degree of tumoral lesions. This methodological development relies on an original chemometric chain permitting us to exploit the biochemical information contained in vibrational spectra. It provides quantitative indicators revealing inter-and intratumoral heterogeneities based on the infrared signatures of the tissues, opening the way to more precise histopathology. Our approach can be easily adapted to other malignancies. In this pilot study, the processing of multivariate data was developed in close collaboration with pathologists in order to ensure its validation on relevant samples sets. For potential use in routine clinics in the future, the approach will have to be assessed on larger datasets originating from multicentre cohorts. The possibility to analyse directly paraffin-embedded tissues will facilitate such large scale studies.
52 It will also benet technological advances, particularly with the emergence of new infrared sources based on quantum cascade lasers for making the acquisition time compatible with medical constraints. a For the rst four samples (#27 to #30), the results of the IR scoring correspond to the PLS color-coded images shown in Fig. 4 .
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Materials and methods
Tumour tissue samples
a total of 34 tissue samples. Three consecutive slices were cut from these TMA cytoblocks, and the rst and the third slices (5 mm of thickness) were stained with HE and the second slice (10 mm of thickness) was mapped by IR micro imaging. This way of preparation permits us to ensure that the middle slice dedicated to IR measurements contains tissue structures of interest.
Histopathological examination
Histopathological evaluation was performed independently by two dedicated pathologists on the HE sections. For each sample, main sites and tissue structures were identied including the alveolar space, mucus, bronchial epithelium (containing the squamous cells), Reissessen muscle, conjunctive tissue, serous and mucus-secreting cell glands, capillary network, under epithelium and nally cartilage. The aggressiveness phenotype was determined from the histological features of the epithelial structures. Thus, a reference scale covering all the aggressiveness levels was elaborated beginning from normal epithelium until invasive carcinoma as described in Table 1 . The histological characterisation of the samples distributed in the calibration and external validation sets can be found in Tables 2 and 3 , respectively.
IR instrumentation
The IR acquisitions were performed with a tandem device combining a Spotlight™ 400 microscope and a FTIR Frontier™ spectrometer (Perkin Elmer®, Courtaboeuf, France). The detector is composed of a 16 pixel matrix. Each pixel can be considered as an individual IR detector, with a spectrum associated with it. The pixel size on the sample was 6.25 Â 6.25 mm 2 and the size of tissue sections was approximately 2-3 mm 2 which corresponds to 50 000-80 000 spectra/images. Spectra were collected in the wavenumber range from 750 to 4000 cm À1 , with a spectral resolution of 4 cm À1 and 8 accumulations/ measurements. For each sample, a paraffin image was collected on an area located at the periphery of the tissue with the same parameters. The backgrounds were recorded on a clean area of CaF 2 substrates with 32 accumulations/ measurements. Fig. 1 presents a simplied scheme of the 8 steps followed to establish a structured data-bank and to construct qualitative and quantitative models. Pre-processing and unsupervised discrimination steps were principally based on EMSC (Extended Multiplicative Signal Correction) and ASK (Automatic Serial Kmeans) algorithms respectively. Subsequently, supervised algorithms based on PLS (Partial Least Squares) were employed. Predictive models were constructed from calibration samples annotated by the collaborative pathologist, and tested on independent samples in an external validation way.
Data analysis
Pre-processing of raw spectral data
Tissue and pure paraffin spectral images were rstly smoothed using the Savitzky-Golay algorithm with the following parameters: a window size of 6 points (discrete wavenumbers) and a polynomial degree of 1 for estimating the curve. 53 Then, each tissue infrared image was processed by EMSC independently from the other images (Fig. 1, step 1) . This correction was rst proposed by Martens and Stark in 1991. In addition to baseline correction and normalisation, a major advantage of this correction is that spectral interferences, mainly due to the paraffin embedding in our case, can be integrated into the correction. 45, 46 EMSC also permits eliminating outlier spectra by applying a quality test.
Automatic Serial K-means (ASK) for spectral recognition of tissue structures Unsupervised identication of tissue structures was realized by using the K-means algorithm that distributes all spectra of an image in a given number (K) of clusters (Fig. 1, step 2) on the basis of the spectral similarity between the data. Each cluster is then characterized by a specic infrared signature that corresponds to the mean spectrum (also called the centroid) of the pixels composing the cluster. The used algorithm, developed in our team, presents the advantage of determining automatically the optimal number of clusters, by using a validity index named PBM (Pakhira-Bandyopadhyay-Maulik) and 2 consecutive steps of clustering. 54, 55 The rst K-means permits the partition of the pixels of an image into clusters, and then for each of these clusters a new K-means is performed to split the corresponding pixels into sub-clusters. The nal number of clusters is equal to the number of sub-clusters. The ASK algorithm provides colorcoded images where each sub-cluster is represented by a specic colour and is associated with a particular spectral signature (i.e. its sub-centroid).
Second EMSC to build a spectral data bank from various spectral images
To construct an ordered data matrix, a second EMSC was carried out in order to neutralize paraffin and baseline interimage variability as also necessary in a previous study on cellular samples. 51 The advantages of this approach were that one can correct the major part of parasitic interference variability due to the sample preparation, paraffin embedding or recording conditions. The interference matrix that is an input of the EMSC algorithm was constructed from the set of paraffin spectral images, collected at the periphery of the tissues (Fig. 1,  step 3 ).
Partial Least Squares Discriminant Analysis (PLS-DA) for automatic selection of tissue structures of interest PLS-DA is a supervised discriminative method developed from the PLS algorithm described below. This classication method is widely used for vibrational data classication. 56 In this study, this processing allowed us to build predictive models able to identify the pixels corresponding to the histological structure of interest containing squamous epithelial cells. PLS-DA was also applied in 2 steps, following the clustering steps of ASK and using centroids as the objects to process during PLS-DA (Fig. 1,  step 4) .
From the rst step of ASK applied to calibration images, two classes of cluster centroids were constructed based on the comparison of K-means images with the conventional histology of an adjacent section. The centroids associated with the epithelial structures formed the class of interest and the centroids associated with the other structures formed the class of non-interest which will have to be excluded in the further processing of the data. A PLS-DA model was then constructed on these centroids to discriminate between the two classes. At the end of this step, only the clusters identied as belonging to epithelial structures are retained. In order to rene the detection of epithelial structure pixels, the same principle was applied to the sub-centroids estimated on these epithelial clusters during the second step of ASK.
Partial Least Squares regression (PLS) for aggressiveness scoring at the pixel level
The PLS algorithm is based on a multivariate regression principle. It allows us to maximize the covariance between 2 matrices by means of multidimensional and orthonormal regression vectors. The established vectorial space allows linking infrared spectra to quantitative values, corresponding in our case to the empirical aggressiveness score established from the histological criteria (Fig. 1, step 5) . 47, 57 External validation and optimization Samples that present simultaneously several degrees of aggressiveness were excluded from the calibration set and reserved for the external validation set. Indeed, such heterogeneous samples images are not recommended for the calibration step due to the difficulty in assigning them a precise reference value. In contrast, they are particularly suitable to assess the performance of the discriminative PLS-DA and scoring PLS models (Fig. 1, steps 6, 7 and 8 ). The rest of tissues constituted the calibration set for the construction of the supervised models. For their optimization, a cross validation at the image level (image by image leave one out) was employed.
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All the computing steps were processed using Matlab R2013a (32 bit) (Mathwork, USA), EMSC, PLS and PLS-DA algorithms originated from the "saisir" toolbox developed by Bertrand and Cordella, INRA, France.
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